We describe MULTI-seq: A rapid, modular, and universal scRNA-seq sample multiplexing 20 strategy using lipid-tagged indices. MULTI-seq reagents can barcode any cell type from any 21 species with an accessible plasma membrane. The method is compatible with enzymatic tissue 22 dissociation, and also preserves viability and endogenous gene expression patterns. We 23 leverage these features to multiplex the analysis of multiple solid tissues comprising human and 24 mouse cells isolated from patient-derived xenograft mouse models. We also utilize MULTI-seq's 25 modular design to perform a 96-plex perturbation experiment with human mammary epithelial 26 cells. MULTI-seq also enables robust doublet identification, which improves data quality and 27 increases scRNA-seq cell throughput by minimizing the negative effects of Poisson loading. We 28 anticipate that the sample throughput and reagent savings enabled by MULTI-seq will expand 29
dissociation, and also preserves viability and endogenous gene expression patterns. We 23 leverage these features to multiplex the analysis of multiple solid tissues comprising human and 24 mouse cells isolated from patient-derived xenograft mouse models. We also utilize MULTI-seq's 25 modular design to perform a 96-plex perturbation experiment with human mammary epithelial 26 cells. MULTI-seq also enables robust doublet identification, which improves data quality and 27 increases scRNA-seq cell throughput by minimizing the negative effects of Poisson loading. We 28 anticipate that the sample throughput and reagent savings enabled by MULTI-seq will expand 29 the purview of scRNA-seq and democratize the application of these technologies within the 30 scientific community. 31
INTRODUCTION 33 34
Single-cell RNA sequencing (scRNA-seq) has emerged as a powerful technology for 35 probing the heterogeneous transcriptional profiles of multicellular systems. Early scRNA-seq 36 workflows utilized FACS or integrated microfluidics circuits to isolate individual cells and were2 thus limited to quantifying 10s-100s of single-cell transcriptomes at a time (Tang et al., 2009 ; 38 Han et al., 2018). Indeed, ambitious efforts are now underway to create a cell-type atlas for the 47 human body using the latest scRNA-seq techniques (Regev et al., 2017) . However, much as 48 research priorities shifted away from describing DNA sequences to functional genomics 49 following the culmination of the Human Genome Project (Lander et al., 2001 ; ENCODE Project 50 Consortium, 2012), the single-cell genomics field will soon expand beyond descriptive analyses 51 of cell types to mechanistically characterizing how these diverse cell populations interact through 52 space and time to regulate development, homeostasis, and disease. 53
In order to utilize single-cell sequencing technologies to reveal mechanistic insights into 54 complex multicellular biology, the enormous throughput of scRNA-seq methods must be 55 redirected towards hypothesis testing. This requires integrating dynamical information, many 56 experimental perturbations, and multiple replicates in order to draw strong conclusions. While 57 existing methods are optimally configured to assay many thousands of cells, library preparation 58 practices and the physical constraints of current commercially-available microfluidic devices 59 (e.g., the Fluidigm C1 and 10X Genomics Single-Cell V2 systems) limit analyses to sets of 8 or 60 fewer conditions in a typical scRNA-seq experiment. Experiments that attempt to compare large 61 numbers of samples across multiple single-cell sequencing runs frequently suffer from batch 62 effects (Stegle et al., 2015; Haghverdi et al., 2018) . Furthermore, at current prices, the reagent 63 and sequencing costs associated with analyzing large sample numbers is outside the means of 64 typical research groups. One approach to circumvent these challenges would be to sequence 65 large numbers of cells from diverse samples, but with relatively fewer cells from each sample. 66
Encouragingly, recent studies suggest that scRNA-seq data from relatively few cells are 67 sufficient to reconstruct the composition of complex biological tissues (Bhaduri et al., 2017) . 68
6
To demultiplex PDX samples in a fashion that both enables doublet identification and 162 takes into account inter-sample barcode variability, we implemented a sample classification 163 workflow inspired by previous work (Stoeckius et classifications across all barcodes. Using this set of barcode-specific thresholds, cells were 169 assigned to a sample group if they surpassed its unique threshold, and cells surpassing more 170 than one threshold were defined as doublets (As in Stoeckius et al., 2017a) . Sample 171 demultiplexing illustrates that cells from each MULTI-seq reaction representing both human and 172 mouse cells were detected in the final dataset (Fig. 2B,C) . Moreover, comparisons of the 173 proportion of human and mouse cells loaded into the 10X microfluidics device relative to the 174 species proportions in the final dataset generally match expectations ( Fig. 2D ; Supplemental 175 Table S2 ). Collectively, these results demonstrate that MULTI-seq can be applied to frozen and 176 solid primary tissue samples while preserving viability and avoiding bias towards specific cell 177 types or species. 178 179 96-Sample MULTI-seq enables HMEC sample demultiplexing and doublet identification: After 180 demonstrating that MULTI-seq can multiplex scRNA-seq experiments involving both cell lines 181 and primary samples, we next sought to demonstrate the method's scalability by applying it to 182 96-distinct samples. To this end, we exposed duplicate cultures consisting of MEPs, LEPs, and 183 a mixture of MEPs and LEPs grown in full M87A media but without EGF (Garbe et al., 2009) to 184 15 distinct growth factors or growth factor combinations with one control (Fig. 3A) . We 185 supplemented this media with growth factors that act within the in vivo mammary epithelial 186 microenvironment (e.g., EGF, IGF-1, RANKL, AREG, and WNT4; Brisken, 2013). We barcoded 187 each sample before pooling and "super-loading" four 10X lanes. Pooling resulted in a 24-fold 188 reduction in reagent use relative to standard practices (Experimental Methods), and also 189 minimizes technical noise due to variation between 10X lanes while ensuring that all samples 190 are accounted for in the case of chip failure (e.g., clogged channels, polydisperse droplets, etc.) 191 After applying our sample classification workflow to this new dataset, we identified 78 192 high-confidence barcode thresholds which, due to the inclusion of replicates, spanned every 193 distinct experimental condition (Fig. S6A) . Each barcode group was associated with an average 194 of 270 cells and each group was enriched for a single barcode ~190-fold above the most 195 abundant off-target barcode and ~1300-fold over the average of all off-target barcodes ( Fig. 3B ; 196 Fig S6B,C) . To test the accuracy of MULTI-seq demultiplexing, we first analyzed the distribution 197 of barcodes associated with different cell compositions (e.g., MEP-alone, LEP-alone, and 198 LEP+MEP samples) in gene expression space. Unsupervised clustering and marker analysis of 199 transcriptome data distinguishes LEPs from MEPs along with a subset of putative doublets 200 expressing markers for both cell types (Fig. 3C, left) . MULTI-seq sample classifications match 201 their expected cell type clusters ( to our MULTI-seq data resulted in a 62.4% doublet prediction rate, which is far above the rates 211 estimated by our classification workflow or Poisson statistics (Fig. S6D) . We suspect the 212 increased complexity of 96-plex experiments, which alters the relative distribution of singlets and 213 doublets in barcode space compared to smaller-scale experiments ( Fig. 3D; Fig. 2B DoubletFinder identifies putative doublets by measuring each cell's proximity to computationally-218 generated synthetic doublets in gene expression space. DoubletFinder and MULTI-seq doublet 219 predictions significantly overlap in gene expression space, with one putative DoubletFinder 220 false-positive region (Fig. 3E) . Collectively, these results indicate that barcode-mediated sample8 multiplexing is the preferred solution for doublet identification, enabling further increases in cell 222 throughput via droplet-microfluidics device "super-loading." 223 224 MULTI-seq identifies transcriptional responses to co-culturing and growth factor perturbations: 225
Following sample demultiplexing and doublet removal, we re-analyzed a final scRNA-seq 226 dataset including only MULTI-seq-defined singlets and uncovered three pronounced 227 transcriptional differences driven by variable culture conditions. First, we observed that LEPs co-228 cultured with MEPs are significantly enriched in the proliferative LEP transcriptional state relative 229 to LEPs cultured alone ( Fig. 4A ; Supplemental Table S3 ). In contrast, MEPs were equally 230 proliferative when cultured alone or with LEPs (Fig. 4B) . Second, we observed that non-231 proliferative co-cultured MEPs and LEPs are significantly enriched for TGF-β signaling-induced 232 genes relative to MEPs and LEPs cultured alone ( Fig. 4C ; Supplemental Table S4 ). This result 233
indicates that TGF-β signaling in our in vitro system cannot be solely maintained via autocrine 234 mechanisms, but, rather, requires paracrine signaling between MEPs and LEPs. 235
Third, relative to the co-culture results, we noticed that the transcriptional responses 236 linked to growth factor supplementation were less pronounced. To assess these more nuanced 237 transcriptional effects, we performed hierarchical clustering on the average gene expression 238 profile of MEP and LEP subsets grouped according to growth factor exposure. Interestingly, 100 239 ng/mL RANKL, WNT4, and IGF-1 did not drive transcriptional signatures that varied significantly 240 from control conditions when added as supplements to M87A (-EGF) growth media (Fig. 4D) . In 241 contrast, HMECs exposed to the EGFR ligands AREG and EGF exhibited gene expression 242 profiles that are significantly different from control cells (Supplementary Table S5 demonstrates that MULTI-seq operates in a non-perturbative fashion on live cells, removing the 277 possibility of incorporating confounding effects associated with fixation, poor viability, 278 genetically-distinct samples, or viral infection. Third, MULTI-seq is universally applicable to all 279 cells with accessible plasma membranes, allowing the same reagents to be applied to multiple 280 cell types from diverse organisms without significant optimization. Together, these two features 281 facilitated our processing of primary dissected tissue from PDX mouse models comprising 282 heterogeneous mouse and human cells that can be challenging to study due to low viability. 283
Fourth, MULTI-seq exhibits tremendous signal over background (e.g., ~190-fold 284 enrichment for on-target over the most prevalent off-target barcodes), enabling high-confidence 285 sample classification and doublet identification. The ability to detect doublets allows for droplet-286 microfluidics devices to be "super-loaded", and thereby further increases scRNA-seq cell 287 throughput by nearly an order of magnitude. Moreover, by benchmarking MULTI-seq doublet 288 classifications against computational doublet identification algorithms, we illustrate how doublets 289 can optimally be handled in scRNA-seq data. Specifically, since many computational doublet 290 prediction algorithms utilize synthetic doublets generated from existing data, false-positives can 291 result when these techniques are applied to datasets with limited transcriptomic diversity (e.g., 292
low numbers of cell types) or cells with gene expression profiles that mimic synthetic doublets 293 (e.g., differentiation intermediates). Such algorithms are also sensitive to false-negatives present 294 in barcode-mediated doublet classifications that arise due to doublets formed from cells labeled 295 with the same sample barcode. Therefore, doublet detection should ideally involve a synergy of 296 computational and molecular approaches, especially in experimental contexts with small 297 numbers of distinct sample barcodes. 298
In addition to these four desirable technological characteristics, our ability to multiplex a 299 96-sample HMEC perturbation experiment highlights noteworthy aspects of multiplexed scRNA-300 seq experimental design. For example, comparison of the transcriptional responses linked to 301 MEP and LEP co-culturing relative to growth factor supplementation demonstrates that 302 transcriptional variation may be dominated by the cell type composition of experimental systems. 303
For instance, co-cultured MEPs and LEPs engage in paracrine-mediated TGF-β signaling that 304 is completely absent in the associated monocultures. In contrast, MEPs and LEPs did not exhibit 305 significant transcriptional changes in rich media supplemented with RANKL, WNT4, and IGF-1 306 despite the established role of these factors in mammary gland biology. We speculate that the 307 difference in the magnitude of response between co-culturing and small-molecule perturbations 308 can be linked to two distinct phenomena. First, relative to single or combination growth factor 309 perturbations, co-culturing represents a highly complex milieu of stimuli. For example, the pro-310 proliferative effect of MEP co-culturing in LEPs may be a collective consequence of direct 311 physical interactions and the secretion of extracellular matrix and/or paracrine signaling proteins. Hamming distance >3 relative to all other utilized barcodes, and (3) A 30bp poly-A tail necessary 329 for hybridization to the oligo-dT region of mRNA capture bead oligonucleotides (Fig. S6 ).
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Anchor LMO:
Co-Anchor LMO:
Barcode Oligo:
Anchor LMO and co-anchor LMO synthesis: Oligonucleotides were synthesized on an Applied 336
Biosystems Expedite 8909 DNA synthesizer, as previously described (Weber et al., 2014) .
ammonium hydroxide, and piperidine were obtained from Sigma-Aldrich. HPLC grade 340 acetonitrile (CH 3 CN), triethylamine (NEt 3 ), acetic acid, and anhydrous dichloromethane (CH 2 Cl 2 ) 341 were obtained from Fisher Scientific.
phosphoramidites, and DNA synthesis reagents were obtained from Glen Research. Controlled 344 pore glass (CPG) supports (2-Dimethoxytrityloxymethyl-6-fluorenylmethoxycarbonylamino-
CPG (dmf-dG-CPG 1000), and 5'-Dimethoxytrityl-N-Acetyl-2'-deoxyCytidine, 3'-succinoyl-long 348 chain alkylamino-CPG (Ac-dC-CPG 1000) synthesis columns were obtained from Glen 349
Research. All materials were used as received from manufacturer. 350
For the anchor LMO, after synthesis of the DNA sequence, the 5' end was modified with 351 an amine using 5'-Amino-Modifier C6 Phopshoramidite (100 mM) and a custom 15-minute 352 coupling protocol. After synthesis of 5′ amino-modified DNA, the MMT protecting group was 353 removed manually on the synthesizer by priming alternately with deblock and dry CH 3 CN at least 354 three times until yellow color disappears. CPG beads were dried by priming several times with 355 dry Helium gas. For the 3′ FMOC-protected amino-modified CPG, prior to oligonucleotide 356 synthesis, the FMOC group was removed by suspending the CPG in a solution of 20% piperidine 357 in dimethylformamide for 10 minutes at room temperature. The beads were then washed three 358 times each with DMF and CH2Cl2. This procedure was repeated twice more to ensure complete 359 deprotection of the FMOC protecting group prior to coupling to the fatty acid. Residual solvent 360 was removed with reduced pressure on a SpeedVac. 361
Fatty acid conjugation was performed on solid support by coupling the carboxylic acid 362 moiety of the fatty acid to the 3' or 5' free amine-lignoceric acid and palmitic acid for the anchor 363 and co-anchor, respectively. The solid support was transferred to a microcentrifuge tube and 364 resuspended in a solution of anhydrous dichloromethane containing 200 mM fatty acid, 400 mM 365 DIPEA, and 200 mM DIC. The microcentrifuge tubes were sealed with parafilm, crowned with a 366 cap lock, and shaken overnight at room temperature. The beads were then washed 3X with 367 CH 2 Cl 2 , 3X with DMF, and 2X CH 2 Cl 2 . Oligonucleotides were then deprotected and cleaved from 368 solid support by suspending the resin in a 1:1 mixture of ammonium hydroxide and 40% 369 methylamine (AMA) for 15 minutes at 65°C with a cap lock followed by evaporation of AMA with 370 a Speedvac system. Cleaved oligonucleotides were dissolved in 0.7 mL of 0.1 M 371 triethylammonium acetate (TEAA) and filtered through 0.2 μM Ultrafree-MC Centrifugal Filter 372
Units (Millipore) to remove any residual CPG support prior to HPLC purification. 373
Fatty acid modified oligonucleotides were purified from unmodified oligonucleotides by 374 reversed-phase high-performance liquid chromatography (HPLC) using an Agilent 1200 Series 375 HPLC System outfitted with a C8 column (Hypersil Gold, Thermo Scientific) and equipped with 376 a diode array detector (DAD) monitoring at 230 and 260 nm. For HPLC purification, Buffer A was 377 0.1 M TEAA at pH 7 and buffer B was CH 3 CN. running a gradient between 8 and 95% CH 3 CN 378 over 30 minutes. Pure fractions were collected manually and lyophilized. The resulting powder 379 was then resuspended in distilled water and lyophilized again two more times to remove residual 380 TEAA salts prior to use. Purified fatty acid-modified oligonucleotides were resuspended in 381 distilled water and concentrations were determined by measuring their absorbance at 260 nm 382 on a Thermo-Fischer NanoDrop 2000 series. 383
Cell Culture: For proof-of-principle experiments, HEK293 cells were cultured at 37°C with 5% 384 CO2 in Dulbecco's Modified Eagle's Medium, High Glucose (DME H-21) containing 4.5 g/L 385 glucose, 0.584 g/L L-glutamine, 3.7 g/L NaHCO 3 , supplemented with 10% fetal bovine serum 386 and 100 μg/mL penicillin/streptomycin. Human mammary epithelial cells (HMECs) were cultured 387 at 37°C with 5% CO 2 in M87A media (Garbe et al., 2009 ) with or without 24 hours of stimulation 388 with 5 ng/mL human recombinant TGF-β (Peprotech). 389 390
For the 96-sample HMEC experiment, fourth passage HMECs were lifted using 0.05% 391 trypsin+EDTA for 5 minutes. The cell suspension was passed through a 0.45 μm cell strainer to 392 remove any clumps. Fig. S5 ). First, raw 524 barcode reads were log2-transformed before barcode abundance normalization via mean 525 subtraction. Following normalization, the probability density function (PDF) for each barcode was 526 defined by applying the 'approxfun' R function to the Gaussian kernel density estimation 527 produced using the 'bkde' function from the 'KernSmooth' R package. We then sought to classify 528 cells according to the assumption that groups of cells that are positive and negative for each 529 barcode should manifest as local PDF maxima. To this end, we trimmed the top and bottom 530 0.1% of data from each barcode set and chose the lowest and highest maxima as initial 531 solutions. To avoid noisy maxima identification, we then adjusted the low maxima to the maxima 532 with the largest number of associated cells. 533 534
With these positive and negative approximations in hand, we next sought to define 535 barcode-specific thresholds. To find the best inter-maxima quantile for threshold definition (e.g., 536
an inter-maxima quantile of 0.5 corresponds to the mid-point), we iterated across 0.01 quantile 537 increments and chose the value that maximized the number of singlet classifications. Optimal 538 inter-maxima distances vary across different MULTI-seq datasets and likely reflect technical 539 noise resulting from variable cell numbers and labeling efficiency between samples. Sample 540 classifications were then made using these barcode-specific thresholds by discerning which 541 thresholds each cell surpasses, with doublets being defined as cells surpassing >1 threshold. 542
Negative cells (i.e., cells surpassing 0 thresholds) were discarded. The process then was 543 repeated on the remaining cells, typically for a total of 3 rounds, until no more cells were 544 classified as negatives. Barcode visualizations using t-SNE were generated using the 'Rtsne' 545 function with the 'initial_dims' argument set to the total number of unique barcodes. 546 547
For the proof-of-principle HEK and HMEC experiment, a simpler classification scheme 548 was used. Specifically, raw barcode counts were first converted to proportions before cells were 549 assigned to HEK, stimulated HMEC or unstimulated HMEC samples according to whichever 550 barcode represented >50% of the total barcode UMIs. Such a classification strategy precludes 551 doublet identification and is sensitive to inter-barcode variability. However, for low-sample 552 experiments where doublets are not a large concern, it is appropriate. 553 554
Expression Library Analysis: CellRanger outputs were analyzed using the 'Seurat' R package, 555 as described previously (Butler et al., 2018). Stastically-significant PCs were selected using 556 inflection point estimation on corresponding PC elbow plots. Cell types were defined using 557
Louvian clustering with established marker genes. Analysis of transcriptional responses due to 558 variable culture conditions (e.g., cell type compositions and growth factors for the 96-sample 559 HMEC experiment) were performed using PCA to allow for gene loading interpretation. Genes 560 specific to sample assignments were defined using the 'bimod' (REF) and 'roc' arguments in the 561 'FindMarker' function. Sample groups exhibiting correlated gene expression profiles were 562 defined using the 'BuildClusterTree' function. 563 564
DATA AVAILABILITY 565
Raw gene expression and barcode count matrices were uploaded to the Gene Expression 566
Omnibus (GSE… Marker analysis of stimulated and unstimulated MEPs and LEPs uncovers differentially expressed genes between culture conditions that recapitulate known TGF-β targets. Stimulated and unstimulated subsets are resolvable in PC space, and the top five differentially expressed genes for each subset match known TGF-β functions related to microenvironment remodeling (e.g., TGFBI, FN1, LAMC2), as well as acknowledged regulatory interactions (e.g., KRT15, LY6E, SERPINE1). PC1 primarily distinguishes MEPs and LEPs according to proliferation status, as is demonstrates by MKI67 expression enrichment in PC space, whereas PC2 distinguishes TGF-β induction status. Raw barcode UMI count matrices were normalized via Log2 transformation and barcode-oriented mean centering. Using normalized barcode counts, the probability density function (PDF) for each barcode is then defined using Gaussian kernel density estimation (KDE). The lowest and highest local maxima in each PDF are then defined, serving as approximations for cell populations negative or positive for each barcode, respectively. The low maxima is then adjusted to the maxima below the initial threshold with the highest density. Following adjustment, the optimal quantile distance between maxima is determined across all barcodes by finding the quantile which produces the maximum number of singlet classifications. This quantile is then used to set barcode-specific thresholds, which are subsequently utilized to generate a binary classification matrix in which cells are assigned a '1' if they surpass a given threshold. The row-sums of this classification matrix are then used to classify cells, where negative cells, singlets and doublets surpass 0, 1, and >1 threshold, respectively. The pipeline is repeated until all cells are classified as singlets or doublets, with negative cells removed between iterations. 100% isopropanol exhibits two distinct peaks. The first peak (p1) is an average of 65-70bp in length and likely corresponds to barcodes amplified via the MULTI-seq additive primer. The second peak (p2) is an average of 100bp in length and likely corresponds to barcodes that successfully underwent MMLV-RTase template switching and were subsequently amplified by the standard 10X Genomics Single Cell V2 primer. Considering the low efficiency of template switching relative to processive reverse transcription, the abundance difference of the two peaks fits expectations. (B) Bioanalyzer analysis following library preparation PCR exhibits one distinct peak (p3) with an average length of 173bp, matching expectations. (C) Schematic illustrating the two species of reverse-transcribed MULTI-seq barcodes with and without template switching. Processive reverse-transcription without template switching (p1) is more likely than reverse-transcription with template switching (p2), resulting in relative enrichment of the 65-70bp product following cDNA amplification. Table S1 : List of all differentially expressed genes between MULTI-seq barcoded and un-barcoded control cells, related to Figure 1 Table S4 : Marker analysis on resting MEPs and LEPs grouped by co-culture status detects TGF-β signaling-associated transcriptional response in co-cultured MEPs and LEPs, related to Figure 4 
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